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Abstract
With the increase in the attention to cryptocurrency,
studies on the factors affecting the price fluctuation of
cryptocurrency have been actively conducted. Prior
researches suggested that policy announcements (i.e.,
public information) related to cryptocurrency have been
found to affect the price volatility in the market in
particular. Privileged information, which is hard to be
observable unlike public information published by the
government or corporations, is hardly homogenously
distributed to individual investors. However, it
inevitably affects the price in any market. Therefore, this
study aims to identify the information asymmetry, which
is mainly formed by privileged information, in the
cryptocurrency market. Moreover, this study examines
whether investment sentiment, which mainly influences
transaction behaviors of uninformed traders, has a
significant effect on the cryptocurrency market as well.
The results contribute to the understanding of the
cryptocurrency market in a basis of the existing market
theories.

1. Introduction
Bitcoin, blockchain based cryptocurrency, has been
attracting attention in the global market for several years;
it threatens the position of the existing currency and
extends its influence in the market to the extent that it is
discussed to possibly replace the existing currency [1].
Along with such popular attention, there has been an
increase in the number of traders who regard
cryptocurrency, as stocks or assets to buy and sell. Thus,
investors try to collect relevant information in advance
to maximize profit and minimize loss by predicting the
price fluctuation of each cryptocurrency. This loss
aversion of investors is mainly derived from the
difference in their profits due to information asymmetry
in the market. Information asymmetry has existed in the
stock market for a long period of time, with the tendency
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of market participants to believe that homogeneous
information is not evenly distributed in the market [2, 3].
Information in the market is mainly classified into
public information and privileged information by its
contents [4]. Public information refers to the
information known to all investors at the same time, that
affects the stock prices due to the official announcement
such as weather, legal antecedents, and all information
issued by the governments or companies [5]. Privileged
information generated by institutional investors or
professional analysts, which is regarded as one of main
factors of stock market volatility [6-8], is not open to
public officially. Informed traders, on the basis of which
they try to obtain excess profits or avoid losses,
frequently perform transactions only for speculative
purposes, distorting the market. For example, they buy
mass amount of stocks before a positive event, or sell a
mass amount of stocks before a negative event, in the
market. Therefore, informed traders with privileged
information tend to maintain an advantageous position
to obtain excess profits than uninformed traders.
This study aims to verify an existence of information
asymmetry in the cryptocurrency market and identify
how it is different from the traditional stock market. It
assumes the existence of gap between traders with
privileged information and traders without it in the
cryptocurrency market. To quantify information
asymmetry, we compare the transaction intensity of
informed traders and uninformed traders in ten major
types of cryptocurrency market.
We also examine the relationship between
cryptocurrency price and investment sentiment that
affects the transaction behaviors of uninformed traders.
Since trading decisions of an uninformed trader is made
largely by investment sentiment including personal
recognition and bias rather than information, it affects
not only the trading behaviors of the trader but also the
formation of information asymmetry in the market [9].
Given the above arguments, the following research
question is articulated:
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RQ 1: Is information asymmetry in the
cryptocurrency market more intense than the traditional
stock market?
RQ 2: Is cryptocurrency investors' investment
sentiment is related to information asymmetry?
To answer this first research question (i.e., to
identify information asymmetry in cryptocurrency
market), firstly, we apply the PIN (Probability of
Informed Trading) model, which assumes market
participants to estimate the true price of stocks market
through market transaction information[10]. The PIN
model is estimating the intensity of informed traders and
uninformed traders through the number of transactions.
Secondly, we adopt EPU (Economic Policy Uncertainty)
as an alternative proxy for evaluating trader’s investor
sentiment. Based on EPU index, we figure out whether
the price of cryptocurrency is influenced by investor
sentiment. To identify a relationship of investor
sentiment and cryptocurrency price volatility, this study
adopted VECM (Vector Error Correction Model),
which is a method for analyzing non-stationary data
such as stock or gold price, for a long time.

2. Literature review
2.1. Information asymmetry
Information efficiency refers that the price
determined in the market fully reflects all available
information [43]. This information efficiency is
achieved when information about stocks are distributed
to all investors quickly, fairly and inexpensively and the
information is accurately reflected in the price of the
stocks [41, 43]. However, information asymmetry is
formed when this information is not distributed to all
investors fairly in the market. It refers a discrepancy in
the volume and accuracy of information held by two or
more market participants occurs in terms of a specific
event with a huge ripple effect [11, 12]. Moreover, they
may take actions that are beneficial to them but are
detrimental to the other investors. asymmetry is difficult
to be totally resolved, although information asymmetry
in the market can be reduced by external sources of
information like financial analysts [13].
Information asymmetry has existed in the market,
for a long time, as we above mentioned. Informed
traders, may take advantage of their privileged positions
of information to earn excess profits. They may take
actions that are beneficial to them but are detrimental to
the other investors. Asymmetric information, therefore,
can often lead to high price fluctuations and, finally it
makes to occurs market failure. Information asymmetry
has been considered an important factor for evaluating
the price stability.

Information asymmetry prevailing in the stock
market over a long period of time can be applied to the
cryptocurrency market as well, for the following reasons.
First, the relatively complicated system of
cryptocurrency, which is hard for potential users to
understand, is prone to arise the issue of information
asymmetry [42]. Information related to cryptocurrency,
a digital currency based on the newly emerging
blockchain technology [14], has not accumulated yet,
investors are likely to have difficulty in collecting or
obtaining the desired information in a short time. The
lack of various prior cases to appropriately deal with
unpredicted situations in the market, and the difficulty
in precisely predicting the market issues and incidents
related to cryptocurrency, the relevant information
cannot be equally distributed. Furthermore,
cryptocurrency is also still limited in the discipline of
information systems [15], we have a hard to discover a
variety of references related on cryptocurrency. Second,
disclosure systems (e.g., Corporate Disclosure,
Regulation Fair Disclosure, Financial Information
Disclosure, Environmental Information Disclosure etc.),
the typical means to mitigate information asymmetry
among investors, have not yet been systematically
organized in the cryptocurrency market. The various
disclosure systems are procedures to officially disclose
information to investors. As information disclosure
level increases, information asymmetry among capital
market participants decreases [16-18]. Thus, a
disclosure system in the stock market is a decisive
component in relieving information asymmetry among
investors. However, the absence of mandatory
disclosure systems in the cryptocurrency market leaves
investors only few formal procedures to obtain credible
information on the tokens or coins that they invest in.
Cryptocurrency traders are bound to rely only on white
papers introducing the cryptocurrency project, or on the
opinions of a handful of cryptocurrency experts who
review these white papers. ICOs (Initial Coin Offerings),
a process to new way to raise funds by issuing a token
or coin, is also found to have information asymmetry
[19]. The success of the ICOs are determined by the
types and amounts of information the participants or
traders had acquired [20]. Third, similar to the stock
market, the cryptocurrency market is found to reflect the
characteristics of market microstructure models, where
homogenous information cannot have equally
distributed to all investors all the time [21]. Therefore,
the formation of information asymmetry in the
cryptocurrency market is inevitable from the
perspective of the market microstructure that the market
is operated through the process of intensifying or
mitigating information asymmetry among investors.
Based on the discussions above, this study suggests that
between the stakeholders with information advantage
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(e.g., cryptocurrency issuers, virtual currency traders,
mass holders or miners, blockchain technicians) and
general traders with information disadvantage will form
information asymmetry, in the cryptocurrency market.

2.2. EPU (Economic Policy Uncertainty) as a
measure for investor sentiment
Common judgment errors of multiple investors,
called as investor sentiment, and their cognitive
behaviors are reflected in investment decisions [22].
According to the behavioral finance theory, investors
tend to decide investment based on behavioral biases or
style investing such as sentiment, stereotype or impulse
rather than information events [23]; the existence of an
irrational trader who makes decisions by each investor
sentiment, not an rational trader, brings about
information asymmetry in the market [24]. Investor
sentiment is an important factor that affects prices [25],
returns [26], price volatility [27] and asset valuation [28].
In addition, more unstable investor's sentiment is
associated with greater future volatility [29]. It is
expected that uninformed traders, who have failed to
acquire enough privileged information in the
cryptocurrency market with presumably asymmetrically
distributed information, are more likely to decide to
invest by 'investor sentiment' than 'information'
compared to informed traders.
Among the various measures for investment
sentiment, this study uses EPU(Economic Policy
Uncertainty) [18], which is a representative proxy for
investment sentiment. EPU is an index estimated by
dividing the frequency of articles containing all three
word categories of Economy, Uncertainty and Policy
(ex. congress, deficit, Federal Reserve, legislation,
regulation, White House, etc.) by the total number of
articles [30, 31]. For example, the US EPU index has
been measured from 1985 to the present by the coverage
frequency in 10 major newspapers, including Boston
Globe, Chicago Tribune, LA Times, New York Times

and USA Today. The EPU Index of 18 major countries
including Europe, South Korea, Japan, and China was
updated every month, focused by the representative
newspaper reports of each country [26, 30]. A number
of previous studies have evaluated EPU as a
representative alternative proxy for investor sentiment
[32]. As it turned out that Bitcoin is also affected by
EPU [33] and EPU has a predictive power on the Bitcoin
returns [34], finally, it can be concluded EPU is
appropriate to measure investor sentiment. This study
obtained the EPU Index data of the United States, Japan,
China,
Korea,
Europe,
and
Singapore
at
http://www.policyuncertainty.com, from August 2015
to March 2019, when the cryptocurrency-related data
was collected. Based on the collected data, this study
attempts to identify information asymmetry in the
cryptocurrency market by exploring whether the
influences of EPU of each country on the price of the
cryptocurrency varied during the given period.

3. Data collection
As discussed above, this study has a main objective
to identify information asymmetry among investors in
the cryptocurrency. From August 7, 2015 to March 31,
2019, transactions data of ten types of cryptocurrency
for a total of 1333 days were collected regarding market
price, closing price, trading volume. The stability of the
ten selected types of cryptocurrency, including Bitcoin,
was confirmed in that they have been traded on the
market for a relatively long time since 2015. Thus, such
long-term transactions data collection had a strong
advantage in increasing the accuracy of the evaluation
results. In this study, information asymmetry, which had
been formed in cryptocurrency market, were estimated
by the amount of ask and bid on the day based on closing
price. Table 1. shows the details of the cryptocurrency
types and transactions data.

Table 1. Data description
Type (Code)
Bitcoin (BTC)
Ethereum (ETH)
Dash (DASH)
XRP (XRP)
Monero (XMR)
Litecoin (LTC)
Stellar (XLM)
NEM (XEM)
Thether (USDT)
Dogecoin (DOGE)

Mean Close Price
3,603.447
210.722
174.225
0.258
72.774
47.259
0.094
0.141
1.000
0.002

Total Volume
Market Cap (Total Rank)
3,121,008,281,873
67,869,142,978 (1)
1,109,053,097,460
14,421,516,939 (2)
77,219,841,709
732,446,863 (15)
403,338,441,990
13,279,830,678 (3)
37,139,045,679
833,562,952 (13)
293,998,718,099
2,893,094,415 (5)
50,121,669,758
1,636,735,921 (8)
16,719,467,626
386,987,466 (19)
1,185,662,543,005
2,037,684,692 (7)
12,122,868,444
235,330,582 (25)
Aug.07, 2015 ~ Mar.31, 2019 (close price)
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4. Research method
4.1. PIN (Probability of Informed Trading)
The PIN model shows the ratio of informed
transactions to the total trading volume during a single
day. Unlike other information asymmetric measurement
models, the PIN model, which measures transaction data,
has the advantage of measuring only information
asymmetry regardless of other considerations such as
order processing cost [10, 35]. It estimates the intensity
of informed traders and, uninformed traders, which are
not directly observable in market, by using observable
data of the numbers of ask and bid transactions. The
estimation is based on the following assumptions: first,
as a transaction begins, the occurrence of an information
event related to firm value is expressed as probability α.
Second, whether the information even occurs as bad
news or good news is determined by the probability of
δ and 1-δ, respectively. Third, the participants'
transactions happen during a day follows the Poisson
distribution [36]. In this process, since an informed
trader already knows the information, he or she chooses

to buy only for good news, and sell only for bad news.
Thus, in the PIN model, the normal range of selling and
buying is interpreted as an uninformed trading, while the
abnormal range of selling and buying is interpreted as
informed trading. Therefore, the probability that a trader
conducts a transaction based on information is defined
as μ, and the probability that an uninformed trader buys
and sells is εb, εs , respectively. The PIN model is
presented in Figure 1.
As mentioned above, given that privileged
information cannot be observable directly market, the
estimates of the defined parameters in the PIN model are
based on Maximum Likelihood Estimation. Thus, the
PIN model shows the proportion of the transactions by
informed traders during a day.
P𝐼𝑁 =

𝛼𝜇
𝛼𝜇+ 𝜀𝑠 +𝜀𝑏

In other words, it can be explained as the next equation.
P𝐼𝑁 =

Expected number of trades per day by informed traders
Expected total number of trades per day

Figure 1 Tree diagram of the trading process [35]

4.2. VCEM (Vector Error Correction Model)
Most macroeconomic variables represent nonstationary time series [37]. Therefore, when unstable
time series have a cointegration relationship, VECM is
suitable for verifying long-term equilibrium relationship
between time series variables and short-term dynamic
structure relationship; because the model can gradually
corrects the part where the long-term equilibrium is
deviated through a short-term adjustment process [38].
Therefore, VECM allows for distinguishing long-term

and short-term causal relationships between variables
[39]. In particular, VECM is distinctive the VAR model,
which mainly represents short-term dynamics. VECM is
highly useful for dynamically analyzing the interrelation
of unstable time series variables. In case of having two
or more variables, the VECM equation is as follows.
𝓎𝑡 = 𝛼1 𝓎𝑡−1 + ⋯ + 𝛼𝑝 𝓎𝑡−𝑝 + 𝛽𝓍𝑡 + ℯ𝑡
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5. Results
5.1. Information asymmetry – PIN
This study estimated information asymmetry from
ten types of cryptocurrency transaction data collected
for approximately 3 years. The results can be
summarized; first, in terms of the intensity of informed
traders during the data collection period, DASH was the
highest (27%), whereas XEM was lowest (8%).

Therefore, it was confirmed that XEM, which had the
highest proportion of uninformed traders, formed the
largest information asymmetry in the market.
Specifically, the probability of an information event
occurrence related to XEM was approximately 9% in
the market, of which the probability of bad news was
56%. Following XEM, USDT, DOGE, and XMR in
order formed information asymmetry in the market. The
analysis results of information asymmetry of each
cryptocurrency are shown in Table 2 in detail.

Table 2. Results of PIN analysis

0.64

Informed
trading
intensity (μ)
4,433,197,159

Uninformed
trading intensity
- Buy (εb)
387,969,399

Uninformed
trading intensity
- Sell (εs)
387,969,399

Code

News
probability (α)

Probability of
bad news (𝛿)

BTC

0.36

PIN (Rank)
23.3% (3)

ETH

0.38

0.36

1,598,670,439

322,742,903

322,742,903

26.2% (2)

DASH

0.39

0.19

95,589,656

28,154,636

28,154,636

26.9% (1)

XRP

0.19

0.54

89,582,319

75,933,812

7,613,894

14.7% (6)

XMR

0.36

0.53

718,114,298

7,613,894

75,933,812

14.5% (7)

LTC

0.32

0.77

2,050,790,971

75,933,812

40,389,190

22.2% (4)

XLM

0.22

0.62

122,323,844

40,389,190

8,562,034

1.7% (5)

XEM

0.09

0.56

1,837,153,511

8,562,034

90,928,064

7.7% (10)

USDT

0.99

0.50

68,204,460

3,339,519

3,339,519

8.6% (9)

DOGE

0.11

0.57

43,775,805

2,533,923

2,533,923

9.5% (8)

Aug.07, 2015 ~ Mar.31, 2019

5.2. Comparison of information asymmetry
We compared the level of information asymmetry
between the cryptocurrency market and the traditional
stock market. Table 3 shows previous research results
of information asymmetry estimated through the PIN
model for major stock markets. In order to compare the
information asymmetry level between cryptocurrency

market and the stock market, 'Day PIN' was additionally
examined. Day PIN value indicates that the probability
of informed traders investing on cryptocurrency based
on their own privileged information for one day. 'Day
PIN' is applied to resolve the difference in analysis
period of two the comparative samples. The results of
the previous studies of the comparison subjects also use
the PIN value which is estimated on a day basis.

Table 3. Information asymmetry
Subject

Day PIN

Period

Description

Cryptocurrency

11.7%

Aug. 07, 2015 ~ Mar.31, 2019

10 major types of cryptocurrencies

Hong Kong Stocks [51]

12.5%

Jan. 01, 2003 ~ Dec. 31, 2003

200 stocks in Hong Kong Composite
Index (HSHKCI)

US Stocks [48]

22.5%

Nov. 01,1990 ~ Jan. 01, 1991

144 stocks in the US

Korean Stocks [52]

18.0%

Jan. 01, 2002 ~ Mar. 31, 2002

416 stocks in Korea
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As a result, 'DAY PIN' of the cryptocurrency market
was found to be smaller than Hong Kong, US and
Korean stock market. In other words, it can be inferred
that there are many investors who decide to invest based
on privileged information in the current cryptocurrency
market, compared to the others. These results show that
privileged information has a considerable influence on
the current cryptocurrency market, and it can be
deduced that privileged information can distort the
market or move the price volatility drastically. This
study results indicate the effect of the risks associated
with privileged information in the cryptocurrency
market.

5.3. Unit root test
The first step of a time series analysis is a unit root
test to determine whether all-time series data are stable.
Variables using the majority of time series data have
been known to be non-stationary time series with unit
root. If an unstable time series that does not presuppose
the stability of the data is used in the analysis, the R2
value exponentially increases due to the spurious
regression phenomenon that disguises relevance
seemingly despite the actual irrelevance. Therefore, a
unit root test is typically performed to determine the
instability of the time series data analyzed. In this study,
a traditional method, Augmented Dickey-Fuller (ADF)
unit root test and PP (Phillips-Perron) unit root test is
conducted. As a result, in Table 4., it has a unit root in
the level variable and the time series has no normality.
While, the first difference for variables shows that time
series have normality because there is no unit root. That
is, they are proved to be stable time series.
Table 4. Unit root test
ADF Test

PP Test

1st Diff.

Level

1st Diff.

BTC
-1.41
-5.20***
ETH
-1.50
-5.17***
LTC
-1.52
-5.68***
XRP
-2.44
-6.34***
XMR
-1.89
-6.05***
XLM
-2.11
-5.45***
DASH
-1.80
-4.72***
DOGE
-3.87**
-7.96***
XEM
-2.46
-6.55***
***
USDT
-4.92
-6.50***
***, ** mean 1%, 5% levels

-1.51
-1.58
-1.62
-2.16
-1.82
-1.74
-1.55
-3.79**
-2.37
-3.52**

-5.11***
-5.06***
-5.68***
-7.92***
-6.20***
-4.43***
-4.64***
-15.93***
-9.97***
-9.73***

Level

5.4. Cointegration test
When the unit root test results in unstable time series
data, it is usually analyzed using stabilized data through
the differential process of the data. However, the simple
application of this process may lead to errors in the
modeling of the long-term equilibrium relationship
between variables as well as information loss in the time
series. Therefore, a cointegration test is additionally
conducted to examine the long-term equilibrium
relationship between the variables, which examines the
possibility of a long-term equilibrium relationship
between the individual level variables diagnosed with
unstable time series by a unit root test. This study used
the co-integration test method by Johansen (1991) [40],
an expanded multivariate time series analysis of DickeyFuller. The multivariate analysis uses vector
substitution; when the cointegration relationship is
established, the linear combination is stable and longterm equilibrium can be analyzed. As a result, 7
variables within 1% were considered to have a
cointegration relationship, as found to have a long-term
equilibrium. The results show that the error is caused by
the VAR (Vector Autoregressive Model) when the time
series is unstable due to the unit root, and the
cointegration exists and represents in long term
equilibrium relation. This study is finally analyzed by
VECM (Vector Error Correction Models) instead of
VAR.
Table 5. Cointegration test
H0

Eigenvalue

r=0
r=1
r=2
r=3
r=4
r=5
r=6
r=7
r=8
r=9

0.998
0.999
0.991
0.968
0.960
0.877
0.772
0.448
0.294
0.106

Trace
statistics
1088.948
837.449
622.822
439.817
305.957
180.348
98.740
41.094
17.947
4.355

5% Critical
Value
273.1898
228.298
187.470
150.559
117.708
88.804
63.876
42.915
25.872
12.518

Prob.
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.3475
0.6903

Trace test indicates 7 cointegrating eqn(s) at the 0.05 level

5.5. Investor sentiment - VCEM
The following Table 6. shows, in percentiles, how
much each token or coin price was affected by EPU
index for each period (1 month). The price of Bitcoin
was most affected by US EPU of 5.90% for one month,
followed by Japan EPU (5.60%). Meanwhile,
Singapore's EPU was the least influence on Bitcoin
(0.5%). Considering that the recent trade volume of
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Bitcoin was the largest in the US, followed by Japan
[50], the results implied that the relation between the
economic policy uncertainty of each country and the
Bitcoin price showed the similar pattern to the trading
volume. Among the ten of cryptocurrency analyzed in
the study, unlike Bitcoin, 7 tokens or coins (i.e., ETH,
DASH, XMR, LTC, XLM, XRP, XEM) were most
influenced by Singapore's economic policy uncertainty.
This result could be inferred that Singapore's influence
was substantial in the cryptocurrency market, because
most ICOs were launched in Singapore, in the recent.
Many experts of ICOs commonly have mentioned
Singapore is a very conducive place to hold an ICO. The
rules of Singapore are fair and do not stifle innovation;
if the token is not a security, the legal requirements are
quite small. It is differentiated with US, which has
required relatively strict regulations, following
Securities and Exchange Commission’s (SEC) negative

stance on ICOs. Therefore, Singapore has been attracted
to launch for ICOs or STOs(Security Token Offerings)
as the best spot and the impact on the overall
cryptocurrency market has been expanded. In contrast,
Korea had the least impact on DASH, XMR, LTC, and
USDT compared to the other countries. In other words,
it was found that the influences of Korea's economic
policiy on the global cryptocurrency market was rather
small. Regarding the difference in the effect of each
country's EPU on the price of a single token per 1 month,
Bitcoin showed a gap of approximately 5%, while XRP
showed a gap of 18% or more. Given that the EPU of
each country was finally found to have a varying effect
on the price volatility of each token or coin, it could be
concluded that individual investor sentiment affected
trading behaviors.

Table 6. Results of VECM
BTC

ETH

DASH

XMR

LTC

USDT

XLM

XRP

XEM

DOGE

US

5.90

4.04

6.32

3.48

7.18

10.93

2.79

1.74

10.33

1.46

Japan

5.60

0.23

6.86

7.97

5.28

0.46

0.11

0.41

0.37

17.42

Singapore

0.54

10.04

7.45

9.98

11.37

0.13

8.26

18.57

15.56

0.14

China

4.35

1.45

4.09

4.60

6.05

4.78

0.98

2.78

6.43

17.80

Korea

0.92

0.73

0.82

2.51

1.14

0.01

0.78

0.44

0.87

0.89

Europe

1.56

0.34

3.74

4.42

1.80

2.77

3.45

0.18

0.01

0.20

Adj. R-squared

84.2

94.0

94.1

94.6

91.6

83.7

95.1

95.8

94.7

79.6

6. Research contributions
This study identified a significant relationship
between investor sentiment and cryptocurrency
market price. It can be concluded that a large number
of traders make their trading decisions based on their
sentiment
rather
than
information
about
cryptocurrencies. Additionally, we identified stronger
degree of information asymmetry of cryptocurrency
market compared with a stock market. Based on our
study results, it can be suggested that the current
cryptocurrency market influenced by privileged
information strongly and is in a relatively high-risk
environment than a stock market.
This study provides a foundation to understand the
cryptocurrency market. The results of this study
confirm that the cryptocurrency market has
information asymmetry similar to the traditional stock
market. It indicates the cryptocurrency market has
formed a market inefficiency due to information

inefficiency. Efficient market means market
information is distributed equally to the all market
participants [41]. In an information efficient market,
investors cannot obtain abnormal returns using
privileged information. As prior study pointed out
information inefficiency in a main cause of a market
inefficiency [46, 47]. Based on our study findings,
cryptocurrency market is an inefficient market stems
from information asymmetry so that traders, who own
privileged information, can obtain excess profits.
Information asymmetry remains unsolved in the
market for a long time although it is an inherently
important issue that may lead to moral hazard due to
reverse selection and consequential market failure [49].
The best way to mitigate information asymmetry is
that individual investors try to obtain as much
information as possible and conduct transactions
based on the collected information. However, it is
costly for an individual to obtain information, and the
quality and accuracy of acquired information cannot
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always be guaranteed. Above all, it is impossible to
obtain sufficient information to ensure the satisfaction
of transaction decision-making. Therefore, in the
current stock market, disclosure systems, such as
Corporate Disclosure, Regulation Fair Disclosure and,
Financial Information Disclosure, have been
implemented to mitigate information asymmetry. The
similar disclosure systems for the cryptocurrency
market need to be adopted as well. It suggests the need
for a disclosure system to provide information to
investors, such as the SEC's Edgar in the traditional
market. Although there are ICOs that provide
information on the issuance of tokens or coins, they
are dependent on the type and volume of announced
information are not sufficient to determine the trading
behaviors of investors. Thus, to improve the current
ICOs, enacting various disclosure systems is necessary
to mitigate information asymmetry. Moreover, the
current cryptocurrency exchanges, that identify a
trader only with a wallet address after the KYC (Know
Your Client) procedure, are not able to detect improper
acts such as unfair insider trading. Considering this
problem, the mandatory disclosure systems will be a
useful solution to mitigate information asymmetry in
the overall cryptocurrency market.
This study identified the influence of economic
policy uncertainty on cryptocurrency price. The study
results represent that investor sentiments are
significantly affecting cryptocurrency price. While
sentiment-based investments result in significant price
volatility, the market must be properly regulated so
that it cannot be invested only in dependence on
sentiment
To this end, public information and policies should
be provided to the market so that the investment based
on the sentiment can be properly managed.

7. Limitations & further research
Among the over 2,000 types of cryptocurrencies,
the results of this study are based on only ten major
ones. To generalize our study results, additional tests
need to be carried out with a greater number of
cryptocurrencies. In this study, there is also a
limitation that information asymmetry is estimated
based on only transaction data which cannot control
variety of factors affecting price volatility of
cryptocurrency.
Market signaling theory assuming information
asymmetry in the market explains that an investor with
more information reduces the level of information
asymmetry by transferring relevant information as
‘signals’ to another investor with less information in
order to maximize his or her profit [44, 45]. Thus, it is

necessary to pay attention to 'signals' in the
cryptocurrency market in the future. Identifying when
and how the 'market signals' occur in the
cryptocurrency market can help mitigate information
asymmetry among investors through the signals.
As the cryptocurrency studies are still at an early
stage, there is little empirical research on the factors
affecting cryptocurrency price volatility. Therefore,
multi-dimensional studies are necessary to clarify
factors influencing the price fluctuation of
cryptocurrency from perspectives in the future. In
addition, future studies need to examine whether each
token or coin price will form comovement with the
others in considering that the price changes in S&P500,
DXY, gold and Bitcoin are found to show a similar
reaction.
.
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